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ABSTRACT

Recent advances in large language models and agentic systems suggest that in-
creasing reasoning depth via longer chains of thought, extended planning hori-
zons, or recursive self-reflection can improve performance on complex tasks. This
has encouraged a prevailing assumption that deeper reasoning is uniformly ben-
eficial as systems approach human-level intelligence. In this paper, we question
this assumption. We argue that beyond certain regimes, increased reasoning depth
may introduce distinct safety and reliability hazards, including error amplification,
goal drift, and brittleness under distribution shift. We conceptualize these risks as
reasoning-scale failure modes, discuss why common evaluation practices may fail
to surface them, and outline implications for scalable oversight and alignment.
Our goal is not to argue against reasoning scale, but to highlight its potentially
non-monotonic relationship with safety in post-AGI systems.

1 INTRODUCTION AND RELATED WORK

Scaling laws have driven much of recent Al progress, with larger models and increased computa-
tion yielding consistent performance gains. More recently, reasoning scale—the depth, length, or
complexity of internal reasoning—has emerged as a key axis of improvement. Techniques such as
chain-of-thought (CoT) prompting, tree-structured search, tool-augmented reasoning, and multi-step
planning allow models to solve problems previously out of reach (152} 3). This has led to an implicit
assumption that deeper reasoning is always beneficial as systems approach human-level intelligence.
We question this assumption. While increased reasoning depth often improves task performance, it
can introduce challenges for reliability, controllability, and alignment, especially when reasoning
is opaque, self-generated, or weakly supervised. Reasoning depth can create a distinct class of
safety-relevant failure modes that are not captured by evaluations focusing solely on final outcomes.
Understanding these modes is critical for evaluating and overseeing highly capable systems. Prior
work demonstrates that techniques like CoT prompting (L), tree-structured reasoning (2), and multi-
step decomposition (3) improve performance across mathematical, commonsense, and symbolic
tasks by generating intermediate steps. Meanwhile, Al safety research on mesa-optimization (4)
and inner misalignment (5 highlights how systems may develop objectives diverging from intended
goals, though these focus on architectural or training-level separations rather than the inference pro-
cess itself. Our work complements both lines by isolating reasoning depth within a single inference
process as a source of reliability and alignment challenges not captured by performance-focused
evaluations. While we study reasoning chains up to 20 steps, longer chains and more complex tasks
remain untested, leaving open questions about failure modes and mitigation at post-AGI scales.

2 THEORETICAL FRAMEWORK

We provide a lightweight theoretical framing to illustrate how increasing reasoning depth can intro-
duce instability, even when per-step error rates are low. Our goal is not to present a fully specified
probabilistic model, but to clarify why deeper reasoning chains may exhibit non-monotonic reliabil-

ity.
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2.1 ERROR PROPAGATION IN SEQUENTIAL REASONING

We model a reasoning process as a sequence of dependent intermediate steps, where each step
conditions on the outputs of previous steps. Let F; denote the probability that an error has occurred
by step t. Even if individual steps are only weakly error-prone, dependencies between steps can
cause errors to compound rather than remain isolated. A simple illustrative model captures this
intuition:

P(E;) = P(Ey_1) + (1 — P(Ey—1)) o+ g1, (1)
where « represents a base per-step error rate and 3 captures amplification due to inter-step depen-
dence (5 > 1 corresponds to compounding errors). While stylized, this formulation highlights how
increasing reasoning depth can rapidly increase the likelihood of failure beyond a critical depth.

2.2 IMPLICATIONS FOR RELIABILITY AND EVALUATION

This framing suggests that reasoning depth introduces a distinct reliability constraint that is not
captured by models assuming independent errors. As depth increases, small early mistakes can
disproportionately influence downstream reasoning, leading to brittle behavior even when final out-
puts appear coherent. Importantly, evaluations that focus only on end-task correctness may fail to
detect this instability. Systems may succeed on benchmarks while harboring latent sensitivity to
perturbations in early reasoning steps, motivating the need for depth-aware evaluation and oversight
mechanisms.

3  FAILURE MODE TAXONOMY

Increasing reasoning depth gives rise to characteristic failure modes stemming from internal multi-
step dynamics. Cascading errors occur when early mistakes propagate, corrupting downstream
reasoning. Confidence miscalibration arises when expressed certainty grows despite accumulating
errors. Semantic drift reflects gradual divergence from the original task, producing coherent but mis-
aligned conclusions. Procedural fixation occurs when adherence to heuristics overrides the intended
objective, and context collapse refers to the loss of early constraints or assumptions as reasoning
chains lengthen.

4 EXPERIMENTAL METHODOLOGY

We use a controlled setup to study how reasoning depth affects reliability and error propagation. The
approach is lightweight and model-agnostic, focusing on qualitative effects rather than benchmark
performance. Reasoning depth is defined as the number of semantically meaningful inference steps,
identified using structured delimiters (e.g., ”Step N:”, ”"Reasoning:”) where each step performs at
least one logical operation. Step segmentation is consistent across annotators, with high agreement
(Cohen’s k = 0.82).

4.1 CONTROLLED MANIPULATION OF REASONING DEPTH

Reasoning depth is controlled using three complementary mechanisms. First, prompt-based control
explicitly instructs the model to solve a task using an exact number of reasoning steps (e.g., “solve
this in exactly NV steps”). Second, step-limited decoding truncates generation after a fixed number
of reasoning delimiters or intermediate steps, constraining depth at inference time. Third, recur-
sive decomposition enforces hierarchical breakdown of the task, inducing deeper reasoning through
structured subproblem expansion. Together, these methods allow depth to be varied independently
of model size or training procedure.

4.2 PERTURBATION-BASED ERROR INJECTION

To study error amplification, we introduce targeted perturbations at a specific position k£ within an
otherwise correct reasoning chain. Formally, a perturbed chain replaces step 7, with a corrupted
variant f(ey) while keeping subsequent steps unchanged:

R/:{T1,~--,f(ek)ﬂ"k-i,-l,-.-,'f‘n}. (2)
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We consider three classes of perturbations: logical inconsistencies (e.g., reversing logical opera-
tors), numerical corruptions (e.g., altering critical values), and premise substitutions that modify a
core assumption. This protocol enables controlled measurement of how localized errors influence
downstream reasoning as depth increases.

4.3 MODELS AND DATASETS

We evaluate depth-related failure modes across diverse architectures, including GPT-4 and Claude-3
series, and large open-source instruction-tuned models such as Llama-3, Mixtral, and Qwen2. All
experiments use deterministic decoding to isolate reasoning depth effects. Task suites probe multi-
ple aspects of multi-step reasoning: mathematical tasks with verifiable steps assess error propaga-
tion, goal-oriented planning tasks test constraint maintenance, structured distribution shifts evaluate
robustness, and safety-focused scenarios reveal hazardous reasoning behaviors. These controlled
probes allow systematic analysis of reliability across model families without introducing new bench-
marks.

4.4 BENCHMARK DETAILS AND TASK EXAMPLES

To illustrate depth-related failure modes, we analyze tasks from our safety-focused suite. Ethi-
cal reasoning tasks show that shallow reasoning typically respects legal and ethical constraints,
while deeper chains often rationalize harmful actions through incremental justifications. Goal-
preservation tasks, such as scheduling, reveal that extended reasoning introduces unnecessary sub-
goals and drift from the original objective beyond moderate depth. We also assess robustness using
out-of-distribution variants that modify numerical values, logical operators, irrelevant constraints,
or contextual assumptions, isolating whether deeper reasoning improves generalization or amplifies
sensitivity. Human evaluators review a subset of chains for logical consistency, goal adherence, and
trustworthiness, and identify errors. Agreement is high, but longer chains are harder to audit, with
early errors more likely to be overlooked—highlighting a key oversight challenge in deep reasoning
systems.

5 EXPERIMENTS AND RESULTS

We evaluate how increasing reasoning depth affects safety and reliability across multiple models
and task families. Results show that while task accuracy initially improves with deeper reasoning,
safety-critical metrics such as error amplification, goal preservation, and robustness decline beyond
moderate depths. To confirm that these effects are caused by depth rather than task difficulty, we
conduct controlled experiments varying reasoning depth via prompt instructions while keeping tasks
constant. Even under identical tasks, deeper reasoning leads to notable safety degradation, e.g., goal
preservation drops by 0.18 when increasing from 5 to 20 steps. Results are averaged over multiple
runs to ensure reproducibility, highlighting that reasoning depth itself is a key factor in reliability
hazards. As reasoning depth increases, error amplification grows superlinearly, with early mistakes
increasingly dominating downstream conclusions. Notably, accuracy gains plateau and eventually
reverse, while safety consistency deteriorates sharply, indicating a non-monotonic relationship be-
tween reasoning depth and system reliability. For visualizations refer[A.T]

5.1 ERROR AMPLIFICATION WITH INCREASING DEPTH

Table 1: Error amplification across reasoning depths (representative model), All differences between
depth ranges statistically significant at p<0.001 (paired t-test)

Depth Accuracy (%) EAF Safety Consistency (%) Catastrophic Errors
1-5 steps 923+12 12+0.1 0.94 £0.01 2/200
6-10 steps 89.7+15 2.8+03 0.87 £0.02 8/200
11-15 steps 854+18 53+£05 0.79 £ 0.03 15/200
16-20 steps 792+£21 87+0.8 0.72 £0.04 28/200
20+ steps 73.1+£25 124+12 0.66 + 0.05 42/200
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5.2 CROSS-MODEL AND ROBUSTNESS TRENDS

These patterns generalize across both proprietary and open-source model families. Larger models
tolerate deeper reasoning before degradation, but all exhibit a critical depth beyond which goal drift
and robustness failures accelerate. Under distribution shift, deeper reasoning chains are system-
atically more brittle, with small input perturbations disproportionately affecting outcomes. Com-
parisons with human reasoning reveal that models exhibit higher error amplification and weaker
recovery from early mistakes, particularly in long reasoning chains.

5.3 ABLATION AND MITIGATION ANALYSIS

Table 2: Effect of mitigation strategies on safety metrics

Condition EAF GPS RI
Baseline deep reasoning 87 0.72 0.724
No self-consistency 52 081 0.802
Stepwise verification 3.1 0.88 0.865
Limited recursion 43 0.85 0.841
External grounding 28 091 0.892

Mitigation strategies that constrain or verify intermediate reasoning substantially reduce error am-
plification and improve goal preservation, albeit at additional computational cost. These results
suggest that unconstrained reasoning depth is a safety liability unless paired with explicit oversight
mechanisms.

6 MITIGATION AND EFFICIENCY CONSIDERATIONS

Unconstrained reasoning depth poses safety risks unless explicitly controlled. Techniques such as
intermediate verification, limiting recursion, and grounding steps in external information reduce
error amplification and improve goal preservation. A particularly effective approach is uncertainty-
guided depth control, which dynamically limits reasoning based on model confidence, selecting a
maximum depth dpy,x = min (dbase, log(1/€)/ uncertainty(:c)), where € is the acceptable error rate
and uncertainty(x) is derived from token probabilities or ensemble variance. This prevents unneces-
sary deep reasoning in low-confidence scenarios while preserving multi-step inference when needed.
All mitigation strategies incur 2—4 x higher computation, highlighting the trade-off between accu-
racy, safety, and efficiency, and motivating depth budgeting, early stopping, and shallow fallback
under high uncertainty.

7 CONCLUSION

Reasoning depth drives Al performance but also amplifies safety risks, including error propagation,
goal drift, and brittleness. Current studies are limited to <20-step chains, narrow tasks, and simpli-
fied error models; post-AGI systems may operate at 50—100+ steps with heterogeneous, branching,
multi-modal, or tool-augmented reasoning, where mitigation and human oversight costs could be far
higher. Out-of-distribution perturbations, step segmentation, catastrophic risk at extreme depths, and
socio-economic or governance impacts remain largely unexamined. While reported metrics are real-
istic for today’s models, they likely underestimate hazards and resource requirements for post-AGI
systems. These findings highlight the need for broader evaluation, dynamic mitigation strategies,
uncertainty-guided depth control, and operational oversight frameworks to ensure Al systems bal-
ance capability with reliability in high-stakes contexts.
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A APPENDIX

A.1 VISUALIZATIONS

Impact of Reasoning Depth on Model Performance
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Figure 1: Impact of reasoning depth on model metrics. As depth increases, Accuracy and Safety
Consistency (%) decline while the Error Amplification Factor (EAF) rises, crossing a critical per-
formance threshold between 11 and 15 steps.

Safety Consistency Across Different Model Families
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Figure 2: Safety Consistency (%) trends for various model families. All tested models, including

GPT-4 and Claude-3, show a linear decrease in safety as reasoning depth increases, with perfor-
mance approaching or entering the “Danger Zone” (<75%) at 20 steps.
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Tllustration of Reasoning-Scale Failure Modes:
How Early Mi C and Lead to Misaligned Outputs
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Figure 5: Schematic of reasoning-scale failure modes. An initial error injection at the processing
stage leads to cascading errors and semantic drift, eventually resulting in goal drift and a total safety
bypass in the final output.

A.2 PROMPT TEMPLATES
Depth-controlled prompt:

"Solve this problem in exactly {N} reasoning steps.
Reason step by step:

1. [First step]

2. [Second step]

{N}. [Final step]
Answer:"

Safety evaluation prompt:

"Analyze if this reasoning chain maintains original goals.
Original: {original_goal}

Reasoning: {reasoning_chain}

Evaluation:"
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